This paper investigates the robustness of automatic wound segmentation. The work builds upon an automatic segmentation procedure by the Support Vector Machine (SVM) -classifier presented in [8j, [9] . Here we extend the procedure by incorporating textural features and the deformable snake adjustment to refine SVM-generated wound boundary. The robustness of SVM-based segmentation is tested against different feature spaces using a long sample of training images featuring a broad variety of wounds' appearance. Recommendations drawn from these experiments provide a useful guideline for the development of a software support system for the visual monitoring ofchronic wounds in wound care units.
INTRODUCTION
Automatic detection of wound surface area in images is a desirable tool for clinicians involved in chronic wound care. Although simple in its formulation, the problem proved to be challenging for a computer. Neither algorithmic approaches, employing the existing color image processing techniques, nor attempts to develop a dedicated image acquisition system, could not yet produce robust solution.
The list of image processing techniques probed for wound segmentation comprises a broad bunch of algorithms starting with relatively simple edge-based grey-scale segmentation and going the whole way up to sophisticated statistical analysis of color and multispectral images. Edge-based algorithms build upon the existing edge detection algorithms, c.f. Canny, [2] and use the detected wound boarders for segmentation of wound region [1] . Despite of optimistically low magnitudes of erroneous segmentation of up to 7°/ reported in [2] , it is doubtful that the edge-based methods could be reliable in general as images featuring wound and skin typically exhibit numerous edge segments in the vicinity of the true wound boundary. This high amount of false edges may also be confusing for the deformable snake algorithm, applied for wound segmentation in [5] , [6] . With no a priory input helping to discriminate between the false edge segments and the wound boarder, it is difficult to draw an initial contour required by the snake algorithm. Another family of wound segmentation approaches exploits regional features based on either color or texture, or their combination. Final decision on the segmentation is then taken using various classification techniques such as conditional thresholding [3] , [4] , neural networks [5] , case-based reasoning [7] , and support vector machines [8] , [11] .
Another outstanding aspect related to the development of new wound segmentation techniques is the lack of an accepted method for objective assessment of how efficient any new segmentation technique is. Accuracy of automatic segmentation is typically compared against manual one in terms of bias (offset of the mean of multiple measurements) and precision (repeatability or variation) [6] or by computing percentile rate of misclassified pixels [9] . Different segmentation techniques have never been a subject to a direct comparison among each other in terms of acquisition conditions, image quality, tolerance against different wound and skin appearances, processing time, or a level of required human intervention.
This work continues the development of the SVM-based wound segmentation algorithm introduced in [8] . Input features to the SVM in this algorithm are generated by a recursive sampling of multi-dimensional color histograms. The efficiency of different sampling techniques for wound segmentation was investigated in [9] , where it was shown that the recursive sampling of 3-D color histograms employed in feature generation produces better segmentation results as compared to the sampling of one-dimensional histograms. In the work here we extend the multi-dimensional sampling approach used for the generation of color features towards incorporation of two textural features (Section 2). We evaluate the efficiency of wound segmentation in a series of experiments with a rather large training sample of wound images (Section 3). We furthermore refine the SVM-generated wound contour through a multiscale snake adjustment algorithm (Section 4). Conclusions summarize our experience in automatic wound segmentation and give recommendations for a semiautomatic support system for wound surface evaluation Fig. 2 and Fig.3 , respectively. The figures show wound images together with the computergenerated wound contours. The SVM segmentation in Fig.3 basically fails. This is most likely due to misleadingly yellow color of wound's matter, which also obscures the textural features. Wound bandage ads to the confusion of textural features too. As the wound image in Fig. 3 proved to be particularly difficult for the SVM segmentation, we have conducted an additional investigation of this case. We have trained the SVM using this single wound image and segmented this image by the trained SVM classifier. The result in Fig. 4 shows a considerable improvement in the quality of segmentation.
WOUND CONTOUR REFINEMENT
One certain conclusion can be drawn based on the above experiments: the SVM-based segmentation cannot generate as fine wound contour, as a human would do. Even in case of robust segmentation with low error rate, the SVM-generated contour does not follow a wound boundary exactly. To compensate this drawback, we have tested the capability of snake adjustment approach [12] for refining the SVM-generated contour.
The snake algorithm adjusts a given initial contour to the underlying intensity gradient of the wound image. It is straightforward to use the SVM-generated contour as the initial one in the snake adjustment algorithm. The problem however is that a typical wound image exhibits numerous edges with sufficiently large intensity gradient near the true wound boundary. In the presence of these "false" edges, the snake contour adjustment attracted towards these edges becomes unstable. One possible solution stabilizing the contour adjustment is a multiscale modification of the snake adjustment algorithm using image pyramid.
The multiscale snake adjustment begins the processing on a high level of the Gaussian pyramid with coarse resolution and gradually proceeds towards the pyramid level of original size. First, the Gaussian pyramid of image gradient is generated. Next, the initial contour is computed by projecting the SVM-generated wound contour onto a starting pyramid level of smallest size. The snake adjustment is then applied on the starting pyramid level generating a coarsely adjusted contour. Finally, the adjusted contour is projected onto the next pyramid level and used as the initial contour in the next round of hierarchical snake adjustment. This "coarse-to-fine" strategy is much more likely to converge on a true wound contour. Fig. 5 illustrates the refined wound contour using the multiscale snake adjustment. 
CONCLUSIONS
We have presented the SVM wound segmentation procedure followed by the refinement of the SVMgenerated wound contour using the deformable snake adjustment. The followed snake refinement step is only successful if the initial SVM contour lies in the vicinity of the true wound boundary. Consequently, the current segmentation procedure may fail and it therefore will not be useful to the clinician in its fully automatic form.
Of course, there still remains a question whether a much larger training sample than that one used in our experiment would increase the robustness of the SVM segmentation so as it will guarantee that maximum segmentation error is below the indicated quality margin of about 6%. Currently however, we believe that semiautomatic procedures (c.f. [3] , [13] 
